A c c e p t e d M a n u s c r i p t Highlights  We estimate the relationship between obesity and health expenditures in Australia.  Obese adults have higher expenditures for all types of health care.  A similar relationship holds for men and women and for all age groups.  Much, though not all, of the effect appears to be related to chronic conditions.  Type II/III obesity is also associated with more costly recovery from health shocks.
Introduction
According to the World Health Organization (WHO), the worldwide rate of obesity has doubled since 1980 and today it is estimated that over 500 million adults are obese (WHO, 2013) . Although the highest rates of obesity are found in the US, some data suggest that obesity is growing faster in other countries. This is particularly true in Australia, where between 1980 and 2008, the percentage of adults who are obese tripled, from 8 percent to 24 percent (Australian Institute of Health and Welfare, 2010).
Because obesity is related to a variety of medical conditions, rising rates of obesity contribute to increased health expenditures. Several US studies using cross-sectional survey data find evidence of such an effect (Sturm 2002; Finkelstein et al 2003; Thorpe et al 2004; Finkelstein et al 2009; Cawley and Meyerhoefer 2012) . The results of some of these studies also suggest that spending is higher for overweight adults as compared to those of normal weight, though in some cases this difference is not statistically significant (Finkelstein et al 2003; Thorpe et al 2004) . Similarly, sub-group analyses testing for differences across weight categories, demographic groups or types of health care spending, often yield imprecise results because of small sample sizes.
In addition to having higher rates of obesity than other countries, the US is unique in terms of the financing and delivery of health care. In particular, private insurance plays a much more important role in the US than in any other country. In theory, the public financing of health care in other countries may contribute to obesity since individuals do not bear the incidence of higher health care utilization in the same way they would in a system based on risk-rated insurance premiums (Bhattacharya and Sood 2011) . Even if this type of "ex ante moral hazard" effect is not important empirically, the public financing of health care means that obesity-related health M a n u s c r i p t 2 spending has important fiscal and distributional consequences. Therefore, it is important to understand how obesity and health expenditures are related in non-US countries where health care is financed predominantly by the public sector.
Research on the relationship between obesity and health expenditures from such countries is quite limited. Most non-US studies use a prevalence-based cost-of-illness methodology that indirectly estimates the weight-expenditure relationship by assuming a relationship between obesity and specific diseases and attributing a portion of the treatment cost of those diseases to obesity (e.g., Anis et al, 2010; Wang et al, 2011; Detournay et al, 2000; Muller-Riemenschneider et al, 2008) . There are fundamental limitations to this approach, which pieces together information on obesity, disease prevalence and health spending from prior studies conducted in different countries in different years. Studies that use individual-level data to estimate multivariate regression models provide much stronger evidence on the relationship between obesity and health expenditures.
In this paper, we directly estimate the relationship between body mass index (BMI) and health care spending in Australia, focusing on adults aged 45 and older, an age group that includes heavy utilizers of health care services. The main aims of the study are to document the relationship between obesity and health expenditures for this population and to investigate how this relationship varies with age and gender and type of health care service.
Australia is an interesting case to study, given its rapidly growing rates of obesity and the fact that its health system is representative of many systems outside the US. 1 In addition, our analysis is based on a uniquely rich data set that links several years of administrative claims 1 Australia's universal public health system, known as Medicare, provides comprehensive coverage for inpatient hospital treatment, out-of-hospital medical services and pharmaceuticals. In 2009, health spending in Australia accounted for 8.7% of total GDP. This is slightly below the average for OECD countries (9.5%) and roughly half the amount that the US spent as a share of GDP (OECD, 2011). A c c e p t e d M a n u s c r i p t 3 databases with a survey of over 240,000 individuals, selected randomly from the 45+ population.
The combined data set has several important advantages over the data used in prior studies, including those from the US. The administrative databases, which are obtained from public and private hospitals and the public insurance system that covers all Australians, provide comprehensive information on spending for inpatient care, ambulatory care and prescription drugs. Moreover, unlike the self-reported utilization data that are typically used in this literature (e.g., Wolfenstetter, 2012 for Germany), administrative claims data are not subject to recall error and do not impose assumptions that an individual's cost is equal to the average costs, and therefore provide more accurate measures of an individual's health expenditures. The survey data, the 45 and Up Study, includes an extensive set of questions on individual characteristics, allowing us to condition on various demographic and socioeconomic factors that are often missing in past studies.
Another important strength of the survey data is its size. Our sample is more than ten times as large as the largest sample size used by previous studies (Finkelstein et al, 2009 ). This large sample makes it possible to estimate differences between narrowly defined BMI categories. We are also able to obtain precise estimates for specific types of care and to stratify the analysis by relatively narrow age groups. For instance, 16 percent of our sample is aged 75 and over (over 38,000 individuals), allowing us to accurately estimate the health care cost of obesity in older age.
Our empirical strategy centers on prospective models in which health spending is regressed on BMI-based weight categories measured in a previous year. The model is similar to ones used for the purpose of risk-adjusting payments to insurers or providers (see, for example, Van de Ven and Ellis 2000; Pope et al, 2004) . Because a prospective model is more useful for predicting M a n u s c r i p t 4 future expenditures than a concurrent model it is more informative for health sector budgeting.
In the context of our analysis, an important advantage of a prospective model is that it mitigates potential bias arising from reverse causality running from acute health shocks to weight. 2 The association between obesity and chronic conditions such as diabetes and hypertension is an important explanation for a positive relationship between obesity and health expenditures.
Additionally, obese individuals may have more difficult recoveries from acute health shocks, even if those shocks were not directly related to obesity. For example, after breaking a bone due to an accident, obese individuals may recover more slowly, require more physical therapy and experience more complications than non-obese patients. Numerous medical studies have found that obesity is negatively related to the recovery and rehabilitation process (e.g., Vincent and Vincent, 2008; Naylor et al., 2008; Gendall et al., 2007) . Because we are able to link a survey respondent's BMI to multiple years of claims data we can test for this type of interaction effect.
To our knowledge, no prior study on the relationship between obesity and health expenditures has attempted to distinguish between acute and chronic conditions in this way.
Consistent with studies based on US data, we find a strong relationship between BMI and health expenditures in Australia. Holding constant observed demographic and socioeconomic characteristics, annual total health expenditures are 19 percent higher for an obese individual with BMI between 30 and 35 (obese type I) and 51 percent higher for individuals with BMI above 35 (obese type II/III) compared to the average expenditures of someone of normal weight.
We find statistically significant and economically meaningful differences in expenditures on all types of care: inpatient care, emergency department visits, outpatient medical care and A c c e p t e d M a n u s c r i p t 5 prescription drugs. The additional expenditures associated with type II/III obesity is greater for men more than women, especially above the age of 75.
In general, our preferred prospective model produces larger estimated effects than the corresponding concurrent model-in some cases over 50 percent larger. We find that individuals who are hospitalized in one year tend to have higher than average expenditures in the following year. The magnitude of this effect is similar for normal weight, overweight and obese type I individuals, but is significantly larger for individuals in the obese II/III category. This suggests that while much of the elevated spending for obese individuals can be linked to chronic medical conditions, severe obesity also amplifies the effect of acute shocks on health spending.
Data and Descriptive Analysis
The 45 and Up Study was fielded between 2006 and 2010 in New South Wales (NSW), Australia's most populous state. 3 The sample accounts for 10 percent of the state's population age 45 and older, with key demographic characteristics that are comparable to the overall 45+ population . Although the 45 and Up Study is a cross-sectional survey with only one observation per respondent, the survey data can be linked at the individual-level to medical claims data for the years 2006 to 2009. This means that we can link an individual's survey variables to his/her medical care utilizations in the year of the survey as well as adjacent years. We utilize this feature of the data to obtain information about previous health shocks and future medical spending. Because in our preferred prospective model we regress spending in one year on weight and other individual characteristics measured in the previous year, we are not able to use respondents who completed the survey in 2009 and 2010. However, because most 45 A c c e p t e d M a n u s c r i p t 6 and Up respondents were surveyed in 2008, this causes us to lose only 4,279 respondents (1.6 percent). We further exclude 28,507 respondents (10.7 percent) with incomplete survey information. The final sample consists of 241,635 respondents.
The survey provides self-reported data on height and weight, which we use to calculate each respondent's BMI (kg/m 2 ), A common concern with self-reported data is that heavier individuals are more likely to underreport their weight leading to attenuation bias in the estimated relationship between BMI and health spending (Sherry et al, 2007) . Courtemanche, Pinkston and Stewart (2014) propose a correction method that can be implemented using data that includes both self-reports and direct measures of height and weight. 4 We apply this correction using data from the 2007/08 Australian National Health Survey, which includes both measured and self-reported height and weight. See the Appendix for details on the adjustment procedure and a summary of how it affects individual BMI. Effectively, the adjustment shifts the BMI distribution to the right (Appendix Figure A3 ), producing an overall obesity rate of 28.6 percent, 6.6 percentage points higher than the obesity rate implied by self-report data. All the analyses that we report are based on the corrected BMI series.
The survey provides a number of individual characteristics, which enter our analysis as control variables. Table 1 presents the full sample selected summary statistics for these variables, [Insert Table 1] Differences among people in the different BMI categories points to the importance of controlling for individual characteristics. Similar to what has been found for the U.S. (Wang and Beydoun 2007; McLaren 2007; Baum and Ruhm 2009) , the summary statistics in Table 1 indicate that compared to normal weight individuals, obese adults have less education and lower incomes. Underweight individuals have less education and lower incomes than the other groups.
Immigrants, who tend to use fewer health care services, are under-represented in the higher BMI categories.
Although the universal public Medicare program provides comprehensive coverage for all types of health care, more than half of all adults in Australia also hold private health insurance (Australian Bureau of Statistics 2013). The primary benefit of private insurance is the ability to obtain more timely access to elective services through private hospitals. Previous research has documented "advantageous selection" in Australia's market for private health insurance whereby individuals with private insurance tend to be in better health than those without such coverage Buchmueller et al. 2013 ). The figures in Table 1 are consistent with this pattern: obese adults are less likely to have private insurance than those in the normal and overweight categories. Thus it is important to control for insurance status. 6
In any analysis of health expenditures it is essential to control for the effect of age. Data from the US indicate that obesity rates increase up through middle age-between the ages of 40 and 59-and then decrease at higher ages (Hedley et al 2004; Ogden et al 2006) . In our sample, A c c e p t e d M a n u s c r i p t 8 the percentage of men with BMI above 30 increases up to around age 61 and falls thereafter. For women the percent classified as obese is highest around age 76. Overall, the mean age for the normal, overweight and both obese categories are similar.
The survey includes detailed information on self-reported health conditions, which are reported in Table 2 . Because we are interested in the "total" cost of obesity, we do not include these conditions as covariates in our main regression analyses. However, they will use them in supplementary analyses as they are informative regarding the mechanisms by which obesity affects health expenditures. A cross-tabulation of health conditions and BMI categories shows that, compared to individuals in the normal weight category, obese individuals report worse health on several dimensions. They are substantially more likely to be diagnosed with heart disease, stroke, diabetes and high blood pressure. They are also more likely to have recently experienced a fall. In contrast, differences in the prevalence of cancer, asthma/hay fever and broken bones are smaller and statistically insignificant. Underweight individuals are more likely than any other group to report a diagnosis of heart disease or stroke and to describe their health as fair or poor. This suggests that simple comparisons that combine underweight and normal weight individuals in a single "non-obese" category will tend to understate the effect of obesity on health expenditures, though because the prevalence of underweight is very low, this bias would be small.
[Insert Table 2] There are three sources of claims data: Table 3 reports summary statistics for each type of expenditure tabulated by BMI category. Consistent with the differences in the prevalence of health conditions, obese individuals have significantly higher total health expenditures than individuals in the normal weight category. Above the underweight category, there is a monotonically positive relationship between BMI and total expenditures. Total expenditures for obese type I and obese type II/III adults are AU$1,023 higher (23 percent) and AU$1,989 higher (45 percent) than the mean expenditure for normal weight category. For the various components of health expenditures, we see significant differences in the utilization of inpatient care, outpatient care and prescription drugs. People in the overweight and obese type I categories are more likely to present at an ED but they have slightly lower emergency department spending than normal weight individuals. 7 The linkage to the hospital data was performed by the Centre for Health Record Linkage (http://www.cherel.org.au/), a government initiative which maintains record linkage infrastructure for the health and human services sectors. The linkage to the MBS and PBS data was performed by Medicare. The linked data are provided under ethics approval from the NSW Population and Health Services Research Ethics Committee and the Department of Human Services Departmental Ethics Committee. 8 On January 31, 2009, the Australian dollar was worth 0.94 US dollars. 9 Details of the hospital cost algorithm and its validity can be found in the Appendix of Ellis et al. (2013) .
A c c e p t e d M a n u s c r i p t 10 Higher spending on inpatient care is the reason that individuals in the underweight category have higher than average spending. This may reflect dramatic weight loss due to serious illness.
[Insert Table 3 ] Figure 1 presents the results of non-parametric regressions showing the relationship between BMI and health expenditures. The results correspond to a prospective model in which expenditures in one year are regressed on BMI measured in the prior year. We report separate models by gender and for three age groups: 45 to 59, 60 to 74 and 75 and older. As expected, the graphs show that age has a strong independent effect on expenditures; expenditures for the oldest age group are much higher than those of the 45 to 59 year old group, regardless of BMI. Within each age group, the graph is U-shaped, declining as weight increases from underweight to normal weight and increasing thereafter. Beyond the minimum point the relationship between BMI and expenditures is approximately linear. The gradient is less steep for the oldest age category, particularly for women.
[Insert Figure 1] 
Econometric Methods

Primary Specification
To adjust for the effect of observable individual characteristics, we estimate regression models of the form:
(1) , M a n u s c r i p t where is total or specific health expenditure, BMI ikt represents a set of indicator variables for four BMI categories based on weight in the prior year: underweight, overweight, obese type I, and obese type II/III. Note that these variables are based not on self-reported height and weight, but measures that have been adjusted according to the method described in the Appendix. The coefficients represent the difference in adjusted mean expenditures for individuals in category k and normal weight individuals, which is the omitted category. The nonparametric regressions in Figure 1 suggest expenditures decrease with BMI initially and then increase monotonically above a certain level of BMI. Therefore, as an alternative specification we also estimate models that specify a quadratic relationship between expenditures and BMI. Because our obesity measures may pick up the effect of these other factors, the  coefficients cannot be interpreted as causal effects. Of course, this limitation is not unique to our analysis, but rather is a general issue pertaining to studies in this literature. 11
Because the empirical distribution of health expenditures often has a significant mass at zero, researchers analyzing expenditure data commonly use two-part models that separately estimate the probability of use and conditional mean expenditures (see for example Jones, 2011; Mullahy, 2009; Manning and Mullahy, 2001) . The results we report are from a two-part model that estimates the probability of having positive expenditures as a probit and uses OLS to estimate the conditional expenditure equation. We also estimated an alternative specification that is commonly used to estimate health expenditures: a Gamma Generalized Linear Model (GLM)
with log link. The results from the GLM model are not reported, but are available upon request.
The two models produce similar results, though the Gamma GLM model produces larger marginal effects of obesity. This is consistent with the finding of other studies that GLM tends to over-predict high expenditures (Griswold et al 2004; Ellis et al 2013) .
We view the results from the OLS two-part model as conservative. In terms of prediction errors (Mean Squared Error), the OLS two-part model has slightly smaller in-sample and out-ofsample prediction errors, though the differences are small. In addition, we conducted Hosmer-Lemeshow test of goodness of fit which regresses the prediction errors on the deciles of the predicted expenditure for the full sample and sub-samples; a model that is a good fit if the 11 One recent study by Cawley and Meyerhoefer (2012) attempts to address this endogeneity problem by using the weight of a person's biological children as an instrument. The maintained assumption is that the weight of a person's child captures genetic determinants of obesity and not shared environmental or lifestyle factors. In contrast, Gronniger (2005) makes the opposite assumption. He treats the obesity of family members as a proxy for omitted variables that are a potential source of bias in a model like equation (1).
A c c e p t e d M a n u s c r i p t 13 differences between the observed and fitted values are small and if there is no systematic contribution of the differences to the error structure of the model. We find that for our 45+ population, the null hypothesis of good fit cannot be rejected for all expenditure types (p-values ranging from 0.213 to 0.815), and for the sub-samples by age and sex, there are only 3 cases where the null is rejected at the 5 percent significant level.
Obesity and the Cost of Health Shocks
Although we would expect the relationship between BMI and expenditures to be strongest for chronic conditions, obesity may also be associated with higher expenditures after an acute health shocks if obese individuals recover less quickly. We are aware of no prior studies on obesity that have been able to draw a distinction between expenditures related to chronic conditions and those resulting from an acute shock. With multiple years of detailed hospitalization data, we are able to trace out how a health shock experienced in one year affects health spending in subsequent years. Specifically, with expenditure in year t+1 as the outcome, we create an indicator variable (Shock) that takes a value of one for individuals who were hospitalized in year t and zero for others. We then add this variable to our regression model, interacting it with the categorical obesity variables:
(2)
If high BMI exacerbates the impact of an adverse health shock, the coefficient on the interactions between the health shock variable and the obesity indicators will be positive and significant.
A c c e p t e d M a n u s c r i p t 14 [Insert Table 4] The marginal effects for the underweight indicator are all large, positive and statistically significant, though the magnitudes are smaller than raw differences reported in Table 3 . For the 12 The full results of all models are available from the authors upon request. 13 The contribution of each part of the two-part model is derived from:
Regression Results
Total Expenditures
where is expenditure and is the BMI category. All other covariates are evaluated at their respectively value. The first term gives the marginal impact of the BMI category on the probability of positive expenditure (use) and the second term gives the marginal impact of BMI category on the level of expenditure (intensity). Table 3 ).
The main reason for the difference between the unadjusted and adjusted estimates is that the underweight category includes a disproportionate number of very old individuals.
Above the underweight category, the prospective model indicates a strong positive relationship between BMI and health expenditures. In the pooled (male and female) sample, overweight adults have expenditures that are AU$189, or 4 percent greater than the mean for the normal weight category. This estimate is smaller than the unadjusted difference reported in Table   3 ($443) . Interestingly, the regression-adjusted differences for the two obese categories are very close to the corresponding raw differences, despite the extensive control variables. The prospective model estimated on the pooled sample implies that obese type I individuals spend over AU$800 per year more than otherwise similar normal weight adults. For the obese type II/III category, the regression-adjusted difference is AU$2,233, or 51 percent of the mean total expenditures for the omitted category.
For the quadratic specification, we report the marginal effect of an additional BMI unit at different points in the BMI distribution. Consistent with the nonparametric regressions in Figure   1 , these models indicate a U-shaped relationship between BMI and spending, with spending minimized in the normal weight range for women and the overweight range for men. At a BMI of 30-the cutoff between the overweight and obese type I categories-the prospective model implies that an additional unit of BMI is associated with an additional AU$121 of health M a n u s c r i p t 16 spending for men and an additional AU$114 for women. 14 The estimated gradients are larger at a BMI of 35, which is the cutoff between obese type I and obese type II.
For both men and women, the concurrent model produces a smaller BMI coefficient and a smaller gap between the obese and normal categories, though the difference is larger for men.
According to the concurrent model (Panel A, column 4) , men in the obese type I category spend $453 more per year than those in the normal weight category. The prospective model implies a differential that is more than twice as large ($804). Similarly, the concurrent model implies that the obese type II/III category is associated with an additional AU$1,574 in expenditures per year while the prospective model implies a difference of AU$2,299.
Although several factors complicate comparisons with results from prior studies, our results are roughly similar to, though slightly smaller than the most widely cited US studies.
These studies tend to use a single obese category, comprising all individuals with BMI >30. In M a n u s c r i p t 17 Table 5 reports separate estimates for three age categories: 45-59, 60-74 and 75 and older. For brevity, we report results from the prospective model only. For each age group, we see a significant positive relationship between BMI and total expenditures. However, the estimates for the oldest age group may be biased downwards if obese individuals are more likely to die before the age of 75 and are more likely to have high health expenditures during the end of their lives. For this oldest group, the marginal cost of obesity is much higher for men than it is for women, driving up the men's all-age results in Table 4 . On the other hand, for the 60 to 74 year olds, obese women are more costly. The quadratic model implies that at a BMI of 30 an additional unit of BMI is associated with AU$149 in additional spending for men and AU$175 for women. In this age category the regression-adjusted difference between obese type II/III and normal weight men is roughly AU$2,700, and AU$2,900 for women.
[Insert Table 5 ]
Expenditures by Category
To provide greater insight regarding the positive relationship between BMI and health expenditures, we estimated separate regressions for each of four categories of health spending: inpatient care, emergency department, outpatient medical and prescription drugs. Results from these regressions are reported in Table 6 . Again, for brevity, we report only the results from our preferred prospective models, separately for males and females.
[Insert Table 6] The results indicate a statistically significant and economically meaningful relationship between obesity and expenditures for all types of care. Inpatient care is the category with the M a n u s c r i p t 18 highest mean, accounting for roughly half of total expenditures. Relative to normal weight adults, inpatient expenditures are AU$372 higher for obese type I individuals and over AU$1,300 higher for the obese type II/III category. When we combine our two obese categories into a single category, we estimate a difference of AU$663 for men and AU$717 for women (results not shown). Relative to the mean for normal men and women, these estimates represent differences of roughly 25 and 40 percent, respectively. As a point of comparison, in their full sample, Finkelstein et al (2009) find an obese/normal difference of 46 percent for inpatient expenditures. However, their estimates vary substantially across payer categories. Among Medicare enrollees the difference is a statistically insignificant 4 percent, whereas for privately insured patients they find a difference of 90 percent.
In squared brackets, we report the proportion of the overall marginal effects related to the impact of excessive weight on the probability of health care utilization-i.e., the extensive margin. For inpatient expenditures we see that roughly three quarters of the difference between the obese type I and normal weight categories and roughly half of the difference between obese type II/III and normal weight individuals comes from the fact that obese individuals have a higher probability of admission. Similarly, for prescription drugs, differences between obese and normal weight individuals come from both a higher probability of having any spending and higher levels of conditional spending. In contrast, since nearly everyone in the sample has some spending for outpatient medical care, for this category higher spending levels for obese individuals are related almost entirely to differences on the intensive margin.
The results in Table 4 indicate that overweight adults have significantly higher health expenditures than individuals in the normal weight category. When we estimate separate regressions by spending category we see that this result is driven by higher spending on Page 22 of 48 A c c e p t e d M a n u s c r i p t 19 outpatient medical care and prescription drugs. There are no significant differences between these two weight categories in terms of inpatient or emergency department care. In contrast, the higher total expenditures for underweight adults are driven largely by higher inpatient spending, with most of this effect coming from the intensive margin.
As noted, because we are interested in capturing the total effect of obesity on health expenditures, we purposefully did not condition on any measures of health status or health conditions. The hypothesis here is that the main way that obesity is related to higher health expenditures is that obese individuals are more likely to have chronic conditions, such as diabetes, hypertension or heart disease. Therefore, a model including health conditions as explanatory variables would greatly understate the effect of obesity on health expenditures. That said, a comparison of our main specification with a model that controls for observable health conditions would be informative on the importance of chronic conditions in explaining the BMIexpenditure gradient. Results from such a model are reported in Table 7 .
[Insert Table 7] As expected, the estimated relationship between BMI and expenditures is substantially attenuated when we condition on health status. The regression-adjusted difference between the overweight and normal weight categories, which was statistically significant in our main model, disappears in the augmented specification. The higher expenditures associated with obesity declines from AU$800 to AU$900 per year to essentially zero. Individuals in the obese type II/III category are still estimated to have significantly higher expenditures than otherwise similar normal weight adults, but the difference is much smaller when we control for health conditions (AU$372) than when we do not (AU$2,233).
Page 23 of 48
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Obesity and the Cost of Health Shocks
The results in Table 7 suggest that a greater prevalence of chronic conditions explain much, but not all of the higher expenditures associated with obesity. Although the remaining difference may be attributable to differences in severity or other unmeasured conditions, another possibility is that acute health shocks, which are less likely to be captured by the self-reported information on medical conditions, are more costly for obese individuals. As described above, we test for this possibility using a model that includes a binary measure for whether the person was recently hospitalized and this variable interacted with the weight category indicators. 15 The coefficient on the interaction term tells us whether health shocks that result in hospitalization increase subsequent health expenditures more for obese than normal weight individuals. 2). The first four rows report the "main effect" of being overweight or obese-i.e., the difference in expenditures associated with weight among individuals who did not have a prior health shock.
The next four rows report the effect of prior shocks by weight category. For normal weight individuals, a hospitalization in one year is associated with an additional AU$2,819 in health expenditures the following year. Note that because of the prospective framework, this higher spending is not for the inpatient admission we are using to define the shock. An acute health shock has a slightly smaller effect on subsequent spending for overweight individuals. In the full sample, expenditures increase by AU$2,761 for this group. The difference between normal weight and overweight men is even larger (AU$3.233 vs. AU$2903), whereas for women the effect of a shock on future spending is essentially identical.
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In the pooled sample, acute health shocks experienced by individuals in the obese type I category raise subsequent expenditures by AU$3,155, or 12 percent more than the effect of a shock for adults in the normal weight category. In percentage terms, the difference between obese I and normal weight individuals is smaller for men (3 percent) than for women (13 percent). The cost of a shock is substantially larger for individuals in the obese type II/II category. In the pooled sample, being hospitalized in year t leads to AU$4,092 higher spending in year t+1.. For men in the highest BMI category, an acute health shock in t raises spending by AU$4,223 in year t+1. For women in the obese type II/III category spending increases by AU$3,991, which is more than 50 percent larger than the effect of a prior hospitalization for normal weight women.
[Insert Table 8 ]
Discussion
Although rising rates of obesity are a health concern worldwide, empirical evidence on the relationship between obesity and health expenditures is limited to a small number of studies ,000 adults, we are able to precisely estimate differences between finely defined BMI categories, something that most prior studies are not able to do. In addition to estimating the relationship between BMI and total health expenditures, we estimate separate models by type of expenditure. In this more detailed analysis we examine the extent to which differences in spending between obese and normal weight individuals is explained by differences in the probability of having positive expenditures and differences in expenditures conditional on use.
Similar to studies using US data, we find that obesity is associated with substantially higher expenditures for all types of health care. Among individuals who are not classified as underweight, expenditures increase monotonically with BMI. Annual spending for adults who meet the standard definition of obesity-BMI of 30 or greater-is roughly 30 percent higher than spending for otherwise similar individuals whose BMI falls in the normal range. However, this simple comparison obscures significant differences within the obese groups. Nearly 30 percent of obese individuals (8 percent of the population) have a BMI above 35 which is classified as a more severe class of obesity, obese type II/III. We find that these very obese individuals have an average annual health spending that is roughly 50 percent greater than that of normal weight individuals (AU$2,233 higher). The remaining 70 percent of obese individuals with a BMI between 30 and 35 or obese type I have annual health spending that is nearly AU$850, or 19 percent, higher than people of normal weight.
For both obesity categories, we find significantly elevated spending for inpatient hospital care, emergency department visits, outpatient medical care and prescription drugs. For inpatient and emergency department care and prescription drugs, the difference in expenditures comes from both a higher probability of having any expenditure and greater conditional expenditures.
The obese type I individuals, the spending gap with normal weight individuals is explained M a n u s c r i p t 23 entirely by the fact that they are more likely to have costly medical conditions, including diabetes and hypertension. For obese type II/III individuals, chronic conditions are also an important part of the explanation for their high level of expenditures compared to the normal weight individuals , but this is not the entire story. Results from a model that accounts for whether or not a person was hospitalized in the prior year suggest that obese type II/III individuals have significantly more costly recoveries from acute health shocks. This interaction between extreme obesity and acute health shocks is a promising area for future research.
An important limitation of our analysis as well as previous studies in this literature relates to omitted variables. A comparison of unadjusted and regression-adjusted results suggests that much of the difference in spending between overweight and normal weight individuals is explained by other differences between these two groups. In contrast, the estimated spending gap between obese and normal weight individuals is quite insensitive to adjustment for covariates.
Still, our results may be affected by other important factors that remain unmeasured and therefore cannot be interpreted as causal effects.
It is important to note, however, that there is some debate about whether it is even meaningful to talk about a single causal effect of obesity (DiNardo 2007) . From a policy perspective, it may be more relevant to consider the effects of specific strategies for reducing obesity. Not only will some approaches be more effective than others in reducing BMI, but different strategies may have different consequences for health expenditures. And, as with many health interventions, the issues of timing are important. A full analysis of alternative strategies should consider how quickly an initiative can affect obesity as well as its effects on lifetime health costs. To the extent that obesity leads to premature mortality, savings from a policy that successfully reduces obesity at younger ages may be partially offset by higher lifetime Even if the empirical relationship between obesity and health expenditures is clear, the policy implications of this relationship are subtle and complex. Economic arguments for government intervention depend importantly on the extent to which these higher costs represent social rather than private costs (Philipson and Posner 2008; Bhattarya and Sood 2011; Cawley 2014) . 16 In the context of a private insurance system with risk-rated premiums, the higher health spending related to obesity may largely represent a private cost that is borne directly by obese individuals themselves (Bhattacharya and Bundorf 2009) . Recently in employer-sponsored health plans in the US, there has been an increase in the use of wellness programs with financial incentives targeted at obesity and other conditions with strong behavioral determinants. The Affordable Care Act allows for an expansion of such incentives (Madison, Volpp and Halpern 2011; Horwitz, Kelly and DiNardo 2013; Cawley 2014) . This approach can be seen as moving even further in the direction of a system whereby the health care costs associated with obesity are fully internalized. 17
In a publicly financed system, such as that of Australia or most European countries, increases in health care costs related to obesity will be spread more broadly. Whether or not this pooling affects individual behavior, increases in these costs will put strain on public budgets, potentially crowding out other policy priorities or generating deadweight loss as taxes are increased to fund the higher health spending. Thus, although our results suggest that obesity may M a n u s c r i p t Remote 0.020 0.022 0.015 0.019 0.023 0.031 Note: Obese type I has a BMI between 30 and 35 and Obese type II/III has a BMI of over 35. a in the regression, age enters as categorical variables in the age bands of 5 years up to 80 years old and the top band is 80 years and above. b income is reported in (irregular) bands. In estimation, we use the categorical variables in the regression, but for brevity, we report the continuous income here replacing the income bands with the mid-point of the bands. For the top income band, we assume a top of about one standard deviation from the lower bound. Also included as covariates are dummy variables for skin colour, ancestry, country of birth and survey year. M a n u s c r i p t score is computed based on the Kessler-10 instrument. The score for each symptom ranges from zero to four, where zero indicates not experiencing the symptom at all, and five indicates experiencing the symptom all the time. The mental health score is the sum across the symptoms. The physical health score is based on the Medical Outcomes Score Physical Functioning which is a sub-score of the SF-36 instrument. A score of zero indicates no limitation, a score of one indicates a little limitation, and a score of two indicates a lot of limitation for the activity. The physical health score is the sum of this score across the 10 physical activities. The reported chronic conditions are based on ever diagnosed conditions asked in the survey, and the corresponding figures in the table are the sample proportions who reported ever diagnosed with a given condition. The self-assessed health and quality of life are asked in the survey in a five-point scale reflecting excellent, very good, good, fair and poor. The corresponding figures in the table are the sample proportions of those reporting fair or poor level. M a n u s c r i p t Table 3 
. Mean Prospective Health Expenditures by BMI Category (AU$)
A c c e p t e d M a n u s c r i p t Table 4 plus a set of controls for health conditions. The health status variables include indices for mental health and functional limitations (activities of daily living) plus an indicator variable for whether the individual experience fall in the last twelve months and a series of indicator variables for the following conditions: skin cancer, breast/prostate cancer, other cancer, heart disease, stroke, diabetes, asthma/hay fever, depression, broken bones and high blood pressure. * p<.10; ** p<.05; *** p<0.01 A c c e p t e d M a n u s c r i p t 40 Results are based on a regressions in which total health expenditures is regressed on an indicator for having been hospitalized in the prior year (Shock) interacted with each of the BMI categories (equation 2 in the text). The estimates presented are the average partial effects of the interaction terms and represent the additional spending in year t+1 (measured in thousands of dollars) for someone in a given weight category who had been hospitalized in the prior year relative to the average person in the same weight category who was not hospitalized. Results for the underweight are not reported as we focus on heaviness and the prevalence of underweight is very low. Bootstrapped standard errors with 50 replications are reported in parentheses; in each replication, the adjustment equation is also result of a bootstrapped NHS sample. * p<.10; ** p<.05; *** p<0.01 
